Satellite Luminosity Functions of Low-Mass Galaxies by Roberts, Daniella M. et al.
MNRAS 000, 1–14 (2020) Preprint 14 August 2020 Compiled using MNRAS LATEX style file v3.0
Satellite Luminosity Functions of Low-Mass Galaxies
Daniella M. Roberts,1,2? Anna M. Nierenberg,4 Annika H. G. Peter 1,2,3
1Department of Physics, The Ohio State University, 191 W. Woodruff Ave., Columbus, OH 43210, USA
2Center for Cosmology and AstroParticle Physics, The Ohio State University, 191 W. Woodruff Ave., Columbus, OH 43210, USA
3Department of Astronomy, The Ohio State University, 140 W. 18th Ave., Columbus OH 43210, USA
4Department of Physics, University of California Merced, 5200 North Lake Rd. Merced, CA 95343
Accepted XXX. Received YYY; in original form ZZZ
ABSTRACT
The satellite populations of the Milky Way, and Milky-Way-mass galaxies in the
local universe, have been extensively studied to constrain dark-matter and galaxy-
evolution physics. Recently, there has been a shift to studying satellites of hosts with
stellar masses between that of the Large Magellanic Cloud and the Milky Way, since
they can provide further insight on hierarchical structure formation, environmental
effects on satellites, and the nature of dark-matter. Most work is focused on the
Local Volume, and little is still known about low-mass host galaxies at higher red-
shift. To improve our understanding of the evolution of satellite populations of low-
mass hosts, we study satellite galaxy populations as a function of host stellar mass
9.5 < log(M∗/M) < 10.5 and redshifts 0.1 < z < 0.8 in the COSMOS survey, making
this the first study of satellite systems of low-mass hosts across half the age of the
universe. We find that the satellite populations of low-mass host galaxies, which we
measure down to satellite masses equivalent to the Fornax dwarf spheroidal satellite
of the Milky Way, remain mostly unchanged through time. We observe a weak de-
pendence between host stellar mass and number of satellites per host, which suggests
that the stellar masses of the hosts are in the power-law regime of the stellar mass to
halo mass relation (M∗−Mhalo) for low-mass galaxies. Finally, we test the constraining
power of our measured cumulative luminosity function to calculate the low-mass end
slope of the M∗−Mhalo relation. These new satellite luminosity function measurements
are consistent with ΛCDM predictions.
Key words: galaxies: dwarf – galaxies: satellites – galaxies: luminosity function, dark
matter – galaxies: evolution
1 INTRODUCTION
The cosmology that underlies our models of galaxy forma-
tion is dominated by dark energy, represented by the cosmo-
logical constant Λ, cold dark matter (CDM), and includes a
small baryonic matter component (Blumenthal et al. 1984;
Ade et al. 2016). In this model, the early universe produced
small density perturbations with amplitudes that became in-
creasingly amplified at decreasing length scales. (Zel’Dovich
1970; Peebles 1980; Guth 1980; Linde 1981; Albrecht &
Steinhardt 1982). Thus, the smallest perturbations were the
first to collapse and evolve through hierarchical merging to
form large structures, such as virialized dark matter halos.
The small baryonic component in ΛCDM also merged hier-
? E-mail: roberts.1611@osu.edu
archically within these halos, forming the visible galaxies we
see today (Springel et al. 2006).
Galaxies within their own dark matter halos can become
gravitationally bound to a more massive host galaxy. This
merging strips away the smaller halo’s outer region, while
leaving its central region intact for much longer. This allows
smaller galaxies to survive within the virialized regions of
the larger halo (Berezinsky et al. 2008). We observe these
accreted galaxies as satellite galaxies residing within their
own halo substructure, called subhalos (Davis et al. 1985;
Natarajan et al. 1998; Diemand et al. 2007).
Because halos and galaxies form hierarchically, we ex-
pect satellite galaxies to be a ubiquitous feature of central
galaxies. These satellite galaxies are mapped to their corre-
sponding dark matter halos through the stellar to halo mass
relation M∗–Mhalo; which is predicted to have a power-law
dependence M∗ ∝ Mβhalo approaching dwarf-galaxy scales
© 2020 Roberts et al.
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Table 1. The number of host galaxies in each of the four data bins.
Redshift Range
0.1 < z < 0.4 0.4 < z < 0.8
Stellar Mass
Range
9.5 < log(M∗/M) < 10.0 736 1539
10.0 < log(M∗/M) < 10.5 614 1375
M∗ . 1010M (Guo et al. 2010; Behroozi et al. 2013;
Behroozi et al. 2019; Moster et al. 2010; Moster et al. 2013a,
2018; Munshi et al. 2013, 2019; Read et al. 2017; Rodr´ıguez-
Puebla et al. 2017; Mowla et al. 2019; Wheeler et al. 2019).
The shape of this relation is expected to be established at
high redshift. Since dark-matter substructures have a scale-
free mass function dNsubhalo/dMsubhalo ∝ Mαsubhalo at the
low-mass end, then together with the amplitude and shape
of the satellite stellar mass function, or luminosity function
dNsatellite/dLsatellite, one can find the slope β of the M∗–
Mhalo relation. Therefore, satellite galaxy abundances can
be related to a host galaxy’s halo mass (Sales et al. 2013),
making observations of satellite galaxies—as a function of
host mass, luminosity, and time—important tests of the hier-
archical structure formation paradigm of ΛCDM and galaxy
evolution.
This model is successful at describing large scale struc-
tures (& 10 Mpc) in the universe (Cole et al. 2005; Komatsu
et al. 2011; Vogelsberger et al. 2014). However, at small
scales (comoving distances . 100 kpc) tensions between ob-
servations and predictions from the power-law halo mass
function, and power-law M∗–Mhalo relation, have had con-
tradicting results. For example, in the Local Group, three
problems were identified: the “missing satellites problem”
(Klypin et al. 1999; Moore et al. 1999b; Strigari et al. 2007),
the “cusp-core” problem (Moore 1994; Navarro et al. 1997;
Moore et al. 1999a; de Blok et al. 2001; Kuzio de Naray et al.
2008), and “too big to fail” (Boylan-Kolchin et al. 2011).
Several solutions to these challenges have been proposed,
which include modifying the ΛCDM model to change the
inflationary power spectrum (Kamionkowski & Liddle 2000;
Zentner & Bullock 2002) or the dark-matter model (Colombi
et al. 1996; Hu et al. 2000; Kaplinghat et al. 2000; Spergel
& Steinhardt 2000; Bode et al. 2001), as well as including
baryonic physics into ΛCDM simulations (Read & Gilmore
2005; Read et al. 2019; Navarro et al. 1996; Benson et al.
2002; Busha et al. 2010; D’Onghia et al. 2010; Zolotov et al.
2012; Brooks et al. 2013; Dutton et al. 2016; Sawala et al.
2016; Wetzel et al. 2016; Bose et al. 2018; Simpson et al.
2018; Zavala et al. 2019; Richings et al. 2020; Samuel et al.
2020). Through meticulous effort there has been consider-
able progress in addressing these small-scale problems, both
observationally and theoretically, in the Local Group. Seek-
ing data beyond our immediate neighborhood is the next
step for understanding galaxy evolution, to ascertain that
solutions to small-scale structure problems are not overtuned
to the Milky Way.
Our focus is the “missing satellites problem”, the 2000-
era observation that the known number of Milky Way satel-
lites was far lower than the number of predicted satellite
galaxies, based on the abundance of predicted CDM sub-
halos. Satellite galaxy populations of the Milky Way, and
Milky-Way-like galaxies, have been extensively studied, and
their satellite luminosity functions are a commonly used
testbed for galaxy formation in the context of ΛCDM struc-
ture formation, and of dark-matter physics (Willman et al.
2005; Zucker et al. 2006; Belokurov et al. 2008; Koposov
et al. 2008; Koposov et al. 2018; McConnachie et al. 2008;
Martin et al. 2009; Walsh et al. 2009; Kennedy et al. 2014;
Spencer et al. 2014; Drlica-Wagner et al. 2015; Kim et al.
2015; Laevens et al. 2015; Li et al. 2016; Torrealba et al.
2016, 2019; Danieli et al. 2017; Geha et al. 2017; Jethwa
et al. 2018; Kim et al. 2018; Mu¨ller et al. 2018; Bennet et al.
2019; Homma et al. 2019; Nadler et al. 2019b; Nadler et al.
2020; Carlsten et al. 2020; Davis et al. 2020; Mau et al.
2020). Satellite galaxy counts are used as a proxy for halo
counts in studies which compare the Local Group to predic-
tions of ΛCDM. By using galaxy formation models that in-
clude baryons in numerical simulations (Zolotov et al. 2012;
Wetzel et al. 2016; Sawala et al. 2016; Fattahi et al. 2018;
Buck et al. 2019), or performing satellite completeness cor-
rections (Tollerud et al. 2008; Koposov et al. 2008; Hargis
et al. 2014; Jethwa et al. 2018; Kim et al. 2018; Newton
et al. 2018; Nadler et al. 2020), these studies have shown
that satellites in the Milky Way are consistent with empirical
models for how galaxies inhabit halos. Furthermore, studies
of Local Group dwarf galaxies have supported the use of
a power-law stellar and halo mass function (Drlica-Wagner
et al. 2015; Dooley et al. 2017; Kim et al. 2018; Nadler et al.
2020) which can be related to a galaxy’s satellite luminosity
function through the M∗-Mhalo relation.
Observationally, new Local Volume searches for faint
galaxies have increased the total numbers for a variety of en-
vironments, spanning low-mass (∼ Magellanic-Cloud-mass)
hosts to group environments (Chiboucas et al. 2013; Spencer
et al. 2014; Carlin et al. 2016; Bennet et al. 2017; Mu¨ller et al.
2018; Greco et al. 2018; Smercina et al. 2018; Crnojevic´ et al.
2019; Byun et al. 2020; Carlsten et al. 2020; Davis et al.
2020; Habas et al. 2020; Karachentsev et al. 2020; Tanog-
lidis et al. 2020). These studies, going beyond the specific
Milky-Way-mass hosts explored to contextualize the Milky
Way’s satellites, allow us to perform more thorough tests of
predictions to shed light on the physical processes that gov-
ern satellite galaxy evolution as a function of environment.
However, with most of the data coming from the Local Vol-
ume (redshift of z ∼ 0), the physics of any environmentally
driven process affecting low-mass satellites is unlikely to be
fully captured, possibly resulting in biased conclusions (see
Besla et al. 2018; Neuzil et al. 2020, for discussions of how
typical the Local Volume is). Therefore it is necessary to
study these systems outside of the Local Volume, and push
the limit to lower-mass hosts than have typically been stud-
ied before (i.e., less massive than the Milky Way), larger
volumes, and higher redshifts to understand their hierarchi-
cal structure formation as a function of time.
Searching for faint satellites around more distant hosts
is especially challenging, both because of their faintness and
low surface brightness. However, recent studies use statisti-
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cal approaches to look for an overdensity of galaxies near a
host, relative to the background, in order to measure the
satellite abundance, spatial distribution, and to compare
with galaxy formation models (Wang et al. 2010; Guo et al.
2011; Nierenberg et al. 2011, 2012; Nierenberg et al. 2013,
2016; Sales et al. 2013; Tal et al. 2014; Xi et al. 2018; Tinker
et al. 2019). These statistical approaches reveal that we can
learn about population-level properties of satellite galaxies
while having only probabilistic knowledge whether a given
object is a satellite of a background/foreground galaxy.
The shape and amplitude of the faint end of the satellite
luminosity function—as a function of redshift and host stel-
lar mass—can be used to understand the efficiency of star
formation, while providing constraints on ΛCDM. At low
redshift, for example, Sales et al. (2013) compared the satel-
lite luminosity function of host galaxies spanning the range
7.5 ≤ log(M∗/M) ≤ 11.0 from the Sloan Digital Sky Survey
(SDSS; Abazajian et al. 2009), finding that the M∗ − Mhalo
relation and the abundance of satellites can be well con-
strained at the low-mass end, and is in agreement with pre-
dictions within ΛCDM. At higher redshifts (0.8 < z < 1.5),
Nierenberg et al. (2016) extended the measurements of the
satellite luminosity function to fainter satellites, from the
Cosmic Assembly Near-infrared Deep Extragalactic Legacy
Survey (CANDELS; Koekemoer et al. 2011) to obtain a time
evolved luminosity function. By using a Bayesian statistical
method, they were able to infer parameters of the satel-
lite luminosity function for hosts with stellar mass between
10.5 < log(M∗/M) < 11.5. Their findings showed that the
number of satellite galaxies around hosts at high redshift and
higher stellar mass, were underestimated by models that ac-
curately predicted them for Milky Way mass hosts at low
redshifts.
In this work, we use a Bayesian statistical approach,
based on the Nierenberg et al. (2016) method, to measure
the satellite luminosity function, as a function of redshift, for
faint satellites m f 814W < 25, at redshifts up to almost half
the age of the universe, 0.1 < z < 0.8. The host galaxy sample
has a stellar mass range between the Large Magellanic Cloud
(LMC) and the Milky Way, 9.5 < log(M∗/M) < 10.5, and
comes from the Cosmic Evolution survey (COSMOS; Scov-
ille et al. 2007). Exploring this new host stellar mass regime
at high redshift allows us to further study galaxy hierarchi-
cal structure formation. We compare the shape, amplitude,
and redshift evolution of the Cumulative luminosity function
(CLF) to results from Sales et al. (2013) at lower redshift
and Nierenberg et al. (2016) at higher redshift, making this
the first study of satellite systems of low-mass hosts across
cosmic time. Additionally, we also use the characteristics of
the luminosity functions to constrain the lower end slope β
of the stellar mass to halo mass relation.
This paper is divided as follows: We present the galaxy
catalog used to select satellite and host galaxies in Section
2. In Section 3 we describe how host galaxies were selected,
and their properties. Section 4 explains how objects sur-
rounding our selected hosts were detected, and Section 5
details their expected radial distribution. We carefully re-
view the methodology of the Bayesian statistical analysis
performed on the data in Section 6, based on Nierenberg
et al. (2016), which allows us to detect a satellite overden-
sity signal above that of the background/foreground objects.
Section 7 presents the results of our statistical model and
describes the measured cumulative satellite luminosity func-
tion. We present the satellite luminosity function and impli-
cations for ΛCDM, and the M∗–Mhalo models in Section 8
along with their broader implications. We summarize our
key findings in Section 9.
2 DATA
To study the satellite luminosity function we select hosts
and satellite candidates from the Cosmic Evolution Sur-
vey (COSMOS)1; a 2-degree field surveyed using the Hub-
ble Space Telescope’s Advanced Camera for Surveys (ACS)
Wide Field Channel (WFC; Koekemoer et al. 2007). This
survey allows us to more precisely study satellites like For-
nax (MV ∼ −13) that are 5 magnitudes fainter than LMC
luminosity hosts (MV ∼ −18; McConnachie 2012) out to a
redshift of 0.8.
The estimates of stellar mass we use are based on
redshifts and multi-wavelength information from Bolzonella
et al. (2010). Additionally, we benefit from having multi-
band photometry and spectroscopy, the latter via the zCOS-
MOS2 survey (Lilly et al. 2007) However, the satellites are
too faint for efficient and complete spectroscopic follow-up,
so we must identify them statistically in this study.
3 HOST GALAXY SELECTION
Our host galaxy sample was selected with the goal of study-
ing satellite systems of low-mass hosts over time. Therefore
we chose hosts with stellar masses similar to and lower than
the Milky Way (∼ 6 × 1010M), but larger than the Large
Magellanic Cloud (LMC; ∼ 109M). In order to reduce sys-
tematic uncertainty in the host stellar mass estimate and the
luminosity-function measurement, as well as to more cleanly
investigate the redshift evolution of the luminosity function,
we only considered hosts with spectroscopic redshifts.
The upper bound on our host stellar mass complements
the previous work performed by Nierenberg et al. (2012),
who used M∗ = 1010.5M as their lower bound. The lower
value chosen was M∗ = 109.5M to ensure we could detect
satellites up to 2 magnitudes fainter than the faintest hosts
in our study.
To explore the trends between satellite populations and
host mass with redshift, we divided our host galaxies into
two separate stellar mass bins: 9.5 < log10(M∗/M) < 10.0
and 10 < log10(M∗/M) < 10.5. These two mass-selected
host sample bins allows us to study how the satellite prop-
erties vary with host environment, and let us more eas-
ily compare our results with simulations matching the stel-
lar mass/luminosity function of galaxies to their halos, and
other observational results. We also divided our hosts’ spec-
troscopic redshifts of range 0.1 < z < 0.8, into two different
‘low’ and ‘high’ redshift bins: 0.1 < z < 0.4 and 0.4 < z < 0.8;
allowing us to study the satellite population evolution with
respect to time.
1 The COSMOS image cutouts are available at
https://irsa.ipac.caltech.edu/data/COSMOS
2 zCOSMOS Bright spectroscopic redshift catalog is available at
http://cesam.lam.fr/zCosmos
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Figure 1. The stellar mass distribution of the spectroscopic low-mass hosts (black outline) and high-mass hosts (magenta outline)
over-layed on the initial photometric redshift sample selected from COSMOS (gray), divided into left: low-redshift bin 0.1 < z < 0.4,
and right: high-redshift bin 0.4 < z < 0.8. The yellow shaded regions represents the standard deviation from the dashed line median of
each data set. The medians, in log (M∗/M), measured for the low-mass, low-z; high-mass, low-z; low-mass, high-z; and high-mass, high-z
sample are: 9.7, 10.2, 9.7, 10.3 respectively.
Figure 1 shows the host stellar mass distribution of the
full photometric sample and of the selected hosts with spec-
troscopic redshift measurements in the two different mass
and redshift bins described. We note that the slope of the
mass function is significantly different between the two sam-
ples. The full photometric sample has nearly twice as many
low-mass hosts as high-mass hosts, whereas the spectro-
scopic sample we use has a roughly uniform distribution
in the log of the stellar mass. Therefore, we note that by
only selecting hosts with spectroscopic redshifts, our sample
becomes biased toward high-mass hosts, which may be due
to low-mass hosts being fainter on average and thus having
fewer spectroscopic redshift measurements.
A visual inspection of all the selected galaxies was per-
formed to exclude any hosts suffering from environmental ef-
fects such as possible merging with other galaxies. Through-
out this inspection we also classified the morphology of each
host as either elliptical, spiral, or irregular so that in fu-
ture work a relationship between morphology and satellite
number count can be studied.
We required that all hosts be more than 2 virial radii
away from a more massive host galaxy at the same redshift
((z − zhost)/zhost < 0.007). This was done to ensure our hosts
were not satellites of larger galaxies, and to not count the
more massive galaxy’s objects as satellites of our isolated
hosts. The virial radius for each galaxy was estimated from
the M∗–Mhalo relation from Dutton et al. (2010).
Finally, we also removed any host that was less than 2.5
times its virial radius from the edge of the COSMOS foot-
print. This was done in order to make sure we had radial
completeness in the regions in which we would be measur-
ing the background and satellite density of each host. In
total, we ended up discarding a small fraction of our galax-
ies, leaving us with a total of 4264 hosts in our sample. Ta-
ble 1 shows how our total sample is divided into each of
the two host stellar-mass (9.5 < log10(M∗/M) < 10.0 and
10 < log10(M∗/M) < 10.5) and redshift bins (0.1 < z < 0.4
and 0.4 < z < 0.8), allowing us to study the satellite lumi-
nosity functions and evolution of hosts similar in size to the
LMC up to the Milky Way galaxy.
4 OBJECT DETECTION
We use the COSMOS photometric catalog in order to detect
objects down to a magnitude limit of mmax,survey = 25. This
magnitude limit was chosen based on tests performed by
Nierenberg et al. (2011) on how well satellite galaxies could
be recovered as a function of their magnitude. A minimum
satellite magnitude limit was selected to be mmin, sat > 18
in order to represent the luminosity distribution of back-
ground objects as a single power law and satellites with a
Schechter luminosity function. At magnitudes brighter than
this, the number density of Milky Way stars increases sig-
nificantly compared to the number of detected background
galaxies, which would lead us to take into consideration a
stellar luminosity function with a different power-law.
To account for the difficulty of identifying faint satel-
lites near bright hosts, we visually examined the F814W
COSMOS image for each selected host galaxy, and deter-
mined a minimum radius, Rexclude, based on the simulations
of Nierenberg et al. (2012) to ensure accurate photometric
completeness and the exclusion of extended morphological
features such as spiral arms. During the visual inspection we
found that the apparent sizes of some of the host galaxies
were unusually large relative to the virial radius, resulting in
a large Rexclude, which we attribute to some type of catas-
trophic failure in their stellar mass measurement. Therefore,
to prevent excessive exclusion of the hosts’ virial radii, we
removed all host galaxies with Rexclude > 0.35R200. Finally,
we also thoroughly inspected the data to find any outlier
host that could skew the inference. This meant looking for
MNRAS 000, 1–14 (2020)
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Figure 2. The average number density of objects, brighter than the survey limit, near hosts of each data set as a function of radial
distance in units of R200, estimated from the host stellar mass. The highlighted box in each figure shows the stellar mass and redshift
range of each data set.
hosts with an unusual number of objects around them, or
with an unusually high number of objects per angular area.
In the following sections, we will describe the analysis
performed on the host and object data we have just dis-
cussed. We will begin by looking into the radial distribution
of the satellites around each host (Sec. 5), and follow with
the statistical modeling we employ on our data (Sec. 6).
5 RADIAL DISTRIBUTION
One way to detect a population of satellites is by study-
ing the mean number density of objects as a function of
distance from the hosts. The satellite galaxy signal should
appear as a rising power law toward the host, relative to
the background galaxy density beyond the virial radius. In
the case of a null satellite detection, the surface density of
satellites should be roughly constant everywhere, due to the
approximate isotropic and homogeneous distribution of the
background/foreground galaxies.
Figure 2 shows the average number density of objects
per unit area, as a function of radial distance from the halo
centers, with distances scaled by the virial radius of each
host.
When we compare similar stellar masses in the low
and high redshift bins, corresponding to the left and right
columns of Figure 2 respectively, we see that the number
density of objects is greater for the lower redshift range.
MNRAS 000, 1–14 (2020)
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Table 2. Parameter definitions and Priors used for the satellite and background model. (a) The Uniform prior is set between minimum
and maximum values (min,max). (b) The Gaussian prior is defined by the mean and standard deviation (mean,std). For the background
model, the mean and standard deviation were chosen from background/foreground density measurements. While in the satellite model,
the Gaussian parameters were selected based on previous studies.
Parameter Description Prior
Satellite Model
Ns Total number of satellites per host between ∆m
min
ideal
< ∆m < ∆mmax
ideal
and 0.07 < R/R200 < 0.5 Uniform(0, 20)a
αs Faint-end slope of the satellite luminosity function Uniform(−2.9, 0)
δm,o Bright-end cutoff of the satellite luminosity function Uniform(−8, 4)
γp Logarithmic slope of the satellite radial distribution Gaussian(−1.1, 0.3)b
Background Model
Σb,o Number of all background/foreground objects per arcmin
2 with I814 < 25 Gaussian(45, 0.1)
αb Slope of the background/foreground object luminosity function Gaussian(0.3, 0.001)
This is due to the larger angular size of the galaxy’s virial
radius, causing there to be a larger number of projected
background/foreground objects per unit area scaled by virial
radius at lower redshift.
For all hosts with stellar masses
10.0 < log(M∗/M) < 10.5, as well as the high-redshift
hosts with stellar mass 9.5 < log(M∗/M) < 10.0, we see
a clear overdensity of objects near the center of the halo,
signifying the presence of satellites. Additionally, the signal
plateaus at large radii where there are few or no satellites,
as expected. On the other hand, for hosts with stellar
masses 9.5 < log(M∗/M) < 10.0 in the low redshift bin, we
do not see the previously described trend near the center of
the halo. This suggests that we do not have a large enough
sample of hosts to detect a signal above the background,
therefore we expect to obtain an upper limit on the satellite
luminosity function for this data set.
6 STATISTICAL MODELING OF THE
SATELLITE AND BACKGROUND GALAXY
POPULATIONS
In this section, we describe how we model the satellite
and background galaxy populations taking into account
the properties of each host galaxy. Recall that we pre-
viously showed with Figure 2 that the number density
of satellite galaxies increases towards the host, while the
background/foreground galaxies have a homogeneous and
isotropic number density signal. Therefore, by inferring the
properties of this combined signal, and using prior informa-
tion about the background/foreground objects, the satellite
number density signal can be isolated.
We start the following subsections by describing the
Bayesian statistical model used to infer the parameters of
the satellite and background/foreground galaxies in §6.1.
A detailed description of each of the distributions follows,
starting with the radial distribution in §6.2, the luminosity
distribution in §6.3, and the object number distribution in
§6.4.
6.1 Statistical Analysis
Three different properties were inferred using a Bayesian
statistical model: 1) The probability an object is a back-
ground/foreground object or satellite, 2) The luminosity
functions for satellites and background/foreground objects
and 3) the radial distributions for satellites and back-
ground/foreground objects. By assuming each of these prop-
erties are separable, we find the probability distribution
function (PDF) of the parameters θ in each distribution with
the model described bellow.
Our complete data sample, D, is made up of every host
and its surrounding objects, D = {Dj=1,Dj=2, . . . ,Dj=N }.
Each host system, Dj , has measurements of the host’s
magnitude, given by hj , and the number of objects
observed for that host Nobsj , along with the positions
xNobsj
and magnitudes mNobsj
of those objects given in
dj = {Nobsj , {x1, x2, . . . , xNobsj }, {m1,m2, . . .mNobsj }}. There-
fore, each host has data Dj = {hj, dj }. To find the PDF
of the model parameters θ, we use Bayes’ theorem given by
Pr(θ |D) ∝ Pr(D|θ)Pr(θ) . (1)
The first term in this equation, Pr(D|θ) is known as the
likelihood function, and the second term, Pr(θ), is the
prior knowledge of the parameters. There are two dif-
ferent sets of parameters inferred from the model: the
satellite, θs = {Ns, αs, δm,o, γp}, and background/foreground
model parameters, θb = {Σb,o, αb}. A description for each
model parameter is shown in Table 2, and further described
in §6.2, 6.3, and 6.4.
For each parameter, we assign either a uniform of gaus-
sian prior, Pr(θ), based on our previous knowledge of the
parameter. The limits and values for these distributions can
be found in Table 2.
The likelihood function can be re-written as
Pr(D|θ) =
Nhost∏
j=1
Pr(dj |θ, hj ), (2)
showing that it is composed of the product of each individ-
ual host galaxy’s likelihood function. For each host j, the
likelihood is separable between the probability of measuring
the total number of objects around a host Pr(Ntotj |θ), with
MNRAS 000, 1–14 (2020)
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magnitudes between mminsat < m < msurvey, and the position
of each object with a given luminosity Pr(Ri,∆mi |θ, hj ), given
the model parameters θ. This is due to the total number of
objects being independent of their distribution around the
host. The full expression of the likelihood for the objects of
a host can be written as
Pr(dj |θ, hj ) = Pr(Ntotj |θ)
Nobsj∏
i=1
Pr(Ri,∆mi |θ, hj ), (3)
where, i represents the object around the host. The term
Pr(Ri,∆mi |θ, hj ) depends on the sum of a satellite’s prob-
ability of existing at a location Ri with a difference in
magnitude from the host ∆mi , and the probability a back-
ground/foreground object exists at that same location with
the same magnitude difference. Because an object’s position
is independent of its magnitude, we further separate these
two probabilities and express the sum as
Pr(Ri,∆mi |θ, hj ) = Pr(Ri |θ, hj, S)Pr(∆mi |θ, hj, S)Pr(S |θ, hj )
+Pr(Ri |θ, hj, B)Pr(mback |θ, B)Pr(B|θ, hj ) ,
(4)
where the terms Pr(S |θ, hj ) and Pr(B |θ, hj ) refer to the
relative probability an object is a satellite or a back-
ground/foreground galaxy respectively, and mback is the
magnitude of the background/foreground object. The PDF
of the parameters θ in each distribution was computed sep-
arately for the four data sets using a Markov Chain Monte
Carlo (MCMC) method. To guarantee convergence, at least
104 iterations per chain were performed based on the re-
sults from Nierenberg et al. (2012). We also verified the
Bayesian statistical code, used to infer the model param-
eters, by running the COSMOS photometric catalog used
in Nierenberg et al. (2012), and reproducing their results
for the stellar mass range 10.5 < log(M∗,host/M) < 11.5 at
redshifts 0.1 < z < 0.8.
The following subsections describe the probability func-
tions in detail.
6.2 Radial Probability Distribution
By assuming the radial distribution is independent of mag-
nitude, we construct a model to find the radial probability
density Pr(Ri |θ, hj ) for satellites and background/foreground
objects located at some position Ri , within an annulus of
inner and outer radii Rexclude and Rmax,ideal = 0.5R200 re-
spectively. The lower limit represents the minimum radius
of each host where we can accurately detect satellites, and
the upper limit corresponds to where the satellite signal be-
comes significantly noticeable above the background, based
on Figure 2. In the following subsections we describe the de-
tails of the model for satellites and background/foreground
objects.
6.2.1 Satellites
The satellite population is characterized by the radial dis-
tribution trend seen in Figure 2. The increase in the surface
density of objects toward the host galaxies centers, observed
in three of our four host samples, is a clear sign of satel-
lite galaxy detections. We model the overdensity signal as a
power-law
Σs(R) ∝ Rγp , (5)
and used a well-motivated Gaussian prior for γp, with mean
−1.1 and standard deviation 0.3 (see Table 2). These val-
ues were chosen from several slope measurements (Nieren-
berg et al. 2011; Tollerud et al. 2011; Watson et al. 2012) of
satellites with different morphologies, magnitudes, and host
masses.
To calculate the probability density of a satellite galaxy
being located at some position Ri , shown in the first term
of Equation 4, we normalize the satellite number density to
obtain:
Pr(Ri |θ, hj, S) =
©­­«
γp + 2
R
γp+2
max,ideal
− Rγp+2
exclude, j
ª®®¬
R
γp+1
i
2pi
, (6)
where the radial limits are also Rmax,ideal and Rexclude.
6.2.2 Background/Foreground objects
The spatial distribution of background/foreground objects
is modeled to be homogeneous and isotropic, with a num-
ber density Σb,o for all objects with magnitudes brighter
than the survey magnitude limit around each host j. To cre-
ate a prior for Σb,o, we measured the galaxy number counts
between R/R200 = 1.5 − 2.0 based on our observations from
Figure 2, where the background signal becomes roughly con-
stant. These priors were measured separately for each host
and stellar mass bin to account for any differences in line
of sight structures. However we found that the background
densities were consistent across all samples.
The probability density of finding a back-
ground/foreground object at some position Ri by
Pr(Ri |θ, hj, B) = RiAj , (7)
where the area Aj is the annulus between Rexclude and
Rmax,ideal = 0.5R200.
6.3 Luminosity Function
The probability of observing a satellite with a given
∆m = msat − mhost, or background/foreground object with
a magnitude mback, partly depends on the range of ob-
servable ∆m and background magnitude values for satel-
lites and background/foreground objects respectively. We
measure satellite luminosities relative to their host mag-
nitudes, therefore the observable satellite region, ∆mobs,
is defined to be between ∆mmin
obs
= mminsat − mhost and
∆mmax
obs
= mmaxsat − mhost, where mmaxsat = 25 corresponds to
the survey magnitude limit and mminsat = 18 is the brightest
satellite magnitude in our sample.
Below we describe the probability density for the satel-
lite and background/foreground luminosity functions.
6.3.1 Satellites
We model the satellite luminosity function as a Schechter
function given by:
Φ(∆mi) ∝ 100.4(αs+1)(δm,o−∆mi ) exp
[
−100.4(δm,o−∆mi )
]
, (8)
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where Φ(∆mi) is the number density of the satellite galaxies,
as a function of ∆mi , and the slope αs and turnover δm,o,
are left as free parameters in the fit.
The probability density for the satellite luminosity func-
tion is defined by
Pr(∆mi |θ, hj, S) =
Φj (∆mi)∫ ∆mmax
obs
∆mmin
obs
Φj (∆mi) d(∆mi)
,
(9)
where the Schechter function has been normalized between
the observable ∆mobs limits.
6.3.2 Background/Foreground objects
The luminosity function of background/foreground objects
is represented by a power-law (Ben´ıtez et al. 2004) given by:
Φb(mback) ∝ 10αbmback (10)
where the model parameter αb represents the slope of
the background/foreground luminosity distribution. The
luminosity model prediction for the background objects
Pr(mback |θ, B) is then given by normalizing the power-law
luminosity function between mmin
back
= 18 and msurvey = 25
resulting in:
Pr(mback |θ, B) =
αb log(10) 10αb (mback−m
min
back
)
10αb (msurvey−m
min
back
) − 1
. (11)
6.4 Satellite and Background/Foreground Galaxy
Number Distribution
The probability of measuring the total number of objects
Ntotj around a host j is given by the term Pr(Ntotj |θ) in
Equation 3, which we define by a Poisson probability. To
calculate the model predicted number of objects, we sum the
model prediction for the observable number of satellites Nobss, j
and background/foreground galaxies Nobs
b, j
for each host j.
Bellow we give the specific model for each type of galaxy
population.
6.4.1 Satellites
The model prediction for the number of satellites per host
parameter, Ns, is measured between Rmin,ideal = 0.07R200
and Rmax,ideal = 0.5R200, defined within an ideal ∆m range.
The lower limit of the radial range was determined based
on the previous observational analysis by Nierenberg et al.
(2016), who showed that this inner radius ensures accurate
photometry of objects near the host.
The ideal ∆m range was chosen to be where the satellite
luminosity function could be measured for at least ∼ 30% of
all hosts. We set this lower limit to ∆mmin,ideal = 2, which al-
lowed us to observe satellites at least two magnitudes fainter
than the survey magnitude limit (see Section 3). The maxi-
mum ideal limit ∆mmax
ideal
varied with each data set, depend-
ing on the number of hosts that exist in the different ∆m
bins above the survey limit. The selected ideal ∆m values
are listed in Table 3 for each data set. In Section 7 we will
use the model predicted Ns as a normalization factor to ex-
tend our satellite search past the ideal radial and ∆m range,
to find the CLF in the full virial radius of each host.
We infer the parameter Ns based on the ratio of satel-
lites we can directly observe per host Nobss, j , defined between
an observable radial and ∆m range, to the predicted number
of satellites per host Ns. Defining the general radial and ∆m
fractions:
fR(Rmin, Rmax) =
∫ Rmax
Rmin
Σ(R)R dR∫ Rmax,ideal
Rmin,ideal
Σ(R)R dR
f∆m, j (∆mmin,∆mmax) =
∫ ∆mmax
∆mmin
Φj (∆m) d(∆m)∫ ∆mmax
ideal
∆mmin
ideal
Φj (∆m) d(∆m)
,
(12)
where Σ(R) is the radial satellite number density from equa-
tion 5, and Φ(∆m) is the Schechter Luminosity function given
by Equation 8, we can express the model prediction for the
observed number of satellites per host as:
Nobss, j = Ns × fR(Rexclude, Rmax,ideal)
× f∆m, j (∆mminobs ,∆mmaxobs ) .
(13)
The observable radial limits range between the host’s ex-
clusion radius, Rexclude, and the ideal outer radius of
Rmax,ideal = 0.5R200 which ensures a detectable satellite sig-
nal.
6.4.2 Background/Foreground Objects
The model predicted number of background/foreground ob-
jects for a given host j, is given by
Nobsb, j = Σb,oAj . (14)
where Aj is the area between Rexclude and Rmax, ideal.
6.4.3 Relative probability of being a satellite or
background/foreground object
Given the model prediction for the observed number of satel-
lites Nobss, j and background objects N
obs
b, j
from Equation 14
and Equation 13 respectively, we can calculate the relative
probability an object is either a satellite, Pr(S |θ, hj ), or a
background/foreground object, Pr(B|θ, hj ), seen in Equa-
tion 4 by
Pr(S |θ, hj ) =
Nobss, j
Nobs
s, j
+ Nobs
b, j
Pr(B|θ, hj ) =
Nobs
b, j
Nobs
s, j
+ Nobs
b, j
.
(15)
Using the radial, luminosity, and number distributions de-
scribed in the previous sections, we were able to calculate the
likelihood of observing satellites or background/foreground
objects with their respective luminosity and position (Equa-
tion 4), given their model parameters θ.
7 RESULTS
In this section, we present the CLF of the satellite popula-
tion for each separate host mass and redshift bin as a func-
tion of difference in magnitude ∆m. Table 3 lists the median
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Table 3. Satellite model parameters’ median and one sigma confidence interval in the ideal radial range 0.07 < R/R200 < 0.5, also defined
between the ideal ∆m range. The hosts with stellar mass 9.5 < log(M∗/M) < 10.0 and redshift 0.1 < z < 0.4 do not appear on this table
due to only having upper limits. Note that these parameters are also measured outside of these ideal ranges in order to construct the
cummulative luminosity function.
log
(
M∗,host/M
)
zhost ∆m
min
ideal
∆mmax
ideal
Ns αs δm,o γp
9.5 − 10.0 0.4 − 0.8 2 3.5 0.15 ± 0.04 −1.2 ± 0.5 −0.1 ± 1.8 −1.2 ± 0.3
10.0 − 10.5 0.1 − 0.4 2 5.5 0.3 ± 0.2 −1.2 ± 0.2 −4.1 ± 2.3 −1.1 ± 0.3
10.0 − 10.5 0.4 − 0.8 2 4.0 0.2 ± 0.08 −1.3 ± 0.6 −0.3 ± 1.3 −1.1 ± 0.3
and 1σ uncertainties of the satellite model parameters for
three of the data sets in the chosen ideal ∆m range.
In Sec. 6, we set an ideal radial range for satellite
searches to be between 0.07 < r/R200 < 0.5 (§6.4.1). However
we would like to extend the upper limit out to the virial ra-
dius in order to infer the total number of satellites N(∆m) for
any given ∆m bin of the CLF within the virial radius. There-
fore we rescaled the model predicted number of satellites Ns
into the total number of satellites N(∆m) using the inferred
parameters and Equation 13, where now Rmax = Rvirial, the
host’s complete virial radius, and the ∆m values are chosen
to encompass the entire luminosity range in intervals of 0.5.
In order to calculate the CLF, we first drew random
values from the posterior probability distribution functions
and generated many luminosity functions. At a given ∆m,
the value of the CLF is given by the median of these func-
tions, and the uncertainty was determined by their 1σ and
2σ deviation. For the low-mass, low-z data set the uncer-
tainty result for each parameter was large. We relate this to
the fact that we have a null detection of satellites, suggesting
that a larger sample of hosts is required in order to measure
the satellite luminosity function for low-mass hosts at low
redshift. Because we have the best constraints in the ideal
∆m range, the statistical uncertainties tend to be smaller
there than in the extended regions at high and low ∆m val-
ues, where there exists low number of host galaxies. We call
these regions of higher uncertainty the extrapolated N(∆m)
regions.
Figure 3 shows the total number of satellites per host,
N(∆m) between 0.07 < r/R200 < 1, in increasing ∆m bins,
which is the difference between host and satellite magnitude.
Our sample with host stellar masses 9.5 < log(M∗/M) < 10.0
and 10.0 < log(M∗/M) < 10.5, teal and purple regions re-
spectively, are shown in the two redshift bins of this work:
0.1 < z < 0.4 and 0.4 < z < 0.8. The darker shade of the
CLF represents the ideal ∆m range and the lighter shade
of color shows the extrapolated region. To place our results
in the context of other work, we show the SDSS/DR7 re-
sults of Sales et al. (2013), with host stellar mass range
9.0 < log(M∗/M) < 11.0 in the lower redshift bin. Addition-
ally, we include results from Nierenberg et al. (2012) and
Nierenberg et al. (2016) CANDELS and COSMOS sample:
10.5 < log(M∗/M) < 11.0 and 11.0 < log(M∗/M) < 11.5
in the redshift bins of this work, along with the higher red-
shift bin: 0.8 < z < 1.5 of Nierenberg et al., which also have
ideal and extrapolated ranges. These three increasing red-
shift bins, along with data at z < 0.055, allows us to study
the evolution in satellite populations and test the CDM pre-
diction of hierarchy of structure. The CLF is presented out
to high and low ∆m values in order to show the overall shape
of the luminosity function in all the redshift bins.
8 DISCUSSION
Using the CLF in Figure 3 we discuss three important fea-
tures: the amplitude in section 8.1, redshift evolution in sec-
tion 8.2, and in section 8.3 the slope of the satellite lumi-
nosity functions. We also describe a future directions for
satellite galaxy studies guided by this work.
8.1 Cumulative Luminosity Function Amplitude
The first feature we explore is the relative amplitude of
the CLF for the low- and high-mass hosts of our COS-
MOS data, and compare it to the amplitude results of
Sales et al. (2013) and Nierenberg et al. (2016). We ex-
pect to see, in each redshift panel, the amplitude of the
lower-mass CLF curves group together, indicating that the
number of satellites for these hosts is independent of stel-
lar mass. This is due to the self-similarity of the sub-
halo mass function N ∝ (Msubhalo/Mhalo)α+1 (Giocoli et al.
2008); and the power-law nature of the M∗–Mhalo rela-
tion M∗ ∝ Mβhalo in the region below a characteristic halo
mass peak Mhalo ∼ 1012M (e.g., Leauthaud et al. 2012;
Behroozi et al. 2019; Girelli et al. 2020). Above this peak,
we would expect to see satellite abundances rise due to a
shift in the slope of the M∗–Mhalo relation. But for low-
mass hosts, below the pivot in the M∗–Mhalo relation, i.e.,
the break in the power law, the number of satellites should
approximately scale to the satellite and host stellar mass
as N ∝ (M∗,sat/M∗,host)(α+1)/β , showing that for a specific
difference between the host and satellite stellar mass, the
number of satellites should remain constant.
We observed this trend in the center panel
(0.4 < z < 0.8) of Figure 3, between our COSMOS hosts and
those from Nierenberg et al. (2016). The comparison shows
the number of satellites increasing with increasing stellar
mass, within a given ∆m bin. The CLF bands of Nierenberg
et al. show a rise in the number of satellites per host with
increasing stellar mass at a 1σ interval, due to their stellar
masses being above the pivot in the M∗–Mhalo relation. This
trend is also observed in the right panel of Figure 3, where
we also show their 0.8 < z < 1.5 redshift bin. This increase
in amplitude becomes more noticeable at higher ∆m values,
where there exists an increase in the average host stellar
masses. On the other hand, for smaller ∆m values, satellites
and hosts are above the pivot in the M∗–Mhalo relation.
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Figure 3. The cumulative satellite luminosity function (CLF) per host between r/R200 = 0.07 − 1.0 as a function of ∆m, in increasing
redshift bins from left to right. The dark shaded regions represent the range where we best constrained the CLF, and the lighter
shaded regions show where there was less data to accurately infer the number of satellites; called the ideal and extrapolated ∆m regions
respectively. Squares, and triangles represent results from Sales et al. (2013). The red and brown half filled diamonds and bands show
the results from Nierenberg et al. (2012) and Nierenberg et al. (2016) respectively. The 1σ confidence bands for this work are shown
in purple and teal, along with the hatched teal region which represents the 95% upper limit. We also show our 2σ confidence bands,
outlined in the same purple and teal color.
.
Because the M∗–Mhalo relation is well-described as a power
law above the pivot, we expect the CLFs for the two host
mass bins to overlap. Indeed, this is what we observe.
Returning to the middle panel, when we reach host stel-
lar masses from our COSMOS sample, 10.0 < log(M∗/M) <
10.5 and 9.5 < log(M∗/M) < 10.0, we see a weak dependence
between stellar mass and number of satellites in those same
∆m bins. This means that these stellar masses are in the
power-law region of the stellar mass-halo mass (M∗–Mhalo)
relation below the pivot. This trend is particularly promi-
nent between the measured ∆m region which is shown in
a darker shade. This is consistent with Leauthaud et al.
(2012), who finds that the pivot in the M∗–Mhalo relation
lies at a stellar mass of log(M∗/M) = 10.8,
The left panel of Figure 3, which corresponds to the low
redshift bin 0.1 < z < 0.4, shows the 95% upper confidence
limit of our low-mass 9.0 < log(M∗/M) < 10.0 hosts and the
CLF of the high-mass 10.0 < log(M∗/M) < 10.5 hosts (68%
and 95% confidence levels shown). At the 1σ confidence in-
terval we do not see the predicted pile-up of low-mass CLFs,
especially at small ∆m values. There is, however, a small
overlap at higher ∆m values which is due to the slopes of the
luminosity functions being different.
In this low redshift bin, we compare the CLF ampli-
tudes of our sample to those hosts of similar low mass, at
even lower redshift z < 0.055, from Sales et al. (2013). The
1σ confidence interval for all of the ∆m bins of our COSMOS
hosts with stellar mass 10.0 < log(M∗/M) < 10.5 shows a
slightly greater measured number of satellites than for the
same stellar mass hosts from Sales et al. (2013) (purple tri-
angles). However, our COSMOS data do overlap in the 2σ
confidence interval for low values of ∆m. For hosts with stel-
lar mass 9.5 < log(M∗/M) < 10.0, the number of satellites
in the 95% upper limit agrees for all the data points from
Sales et al. (2013). We also see that the CLF amplitude for
the higher mass range 10.5 < log(M∗/M) < 11.0 (brown
diamonds) of Nierenberg et al. (2016) measured fewer satel-
lites than our lower 10.0 < log(M∗/M) < 10.5 hosts, due
to the different inferred slopes. However, the two luminosity
functions are consistent with each other at the 2σ level.
Our CLFs have shown that there exists a weak depen-
dence between host stellar mass and the number of satellites
for the low-mass hosts in the COSMOS sample, especially
seen in the middle panel of Figure 3. Although the results
at low redshifts are statistically consistent with the weak
trend of satellite number with host stellar mass at fixed ∆m,
we note that several factors could drive differences between
the measured values observed in the left-hand panel of Fig-
ure 3. The first is that the distribution of host stellar masses
from our sample may not be the same as the other data
sets we are comparing with. In Figure 1, we showed that
our spectroscopic host sample is biased toward high stellar
masses. This will tend to increase the number of satellites
per host, relative to those of hosts from a cosmological dis-
tribution, if the host mass is near the pivot in the M∗–Mhalo.
We can roughly estimate how much our satellite population
may be biased by assuming a similar behavior to that of fig-
ure 2. of Sales et al.. By looking at their log(M∗) = 10.25 and
log(M∗) = 10.75 stellar mass hosts, which are of similar mass
range as ours, and assuming no redshift evolution we might
expect our satellite population to be biased by a factor of
two. This difference would explain why our CLFs appear to
be marginally higher than expected, yet still consistent with
results from Sales et al., and Nierenberg et al., given our
uncertainties.
The second hypothesis for the CLF discrepancies cen-
ters on the issue of background/foreground contamina-
tion due to the presence of interlopers, which are back-
MNRAS 000, 1–14 (2020)
Satellite Luminosity Functions 11
ground/foreground objects that falsely correspond with the
host. In contrast to Sales et al., we measured interlopers
as part of our model. Sales et al. used distance and veloc-
ity cuts as a way to remove interlopers, a method based on
Van Den Bosch et al. (2004). Both these methods are able
to produce satellite samples with low number of interlopers.
However, if we only use the satellites’ spectroscopic redshifts
to estimate their association with hosts, we would expect to
see up to ∼ 40% interloper contamination in a satellite sam-
ple (Besla et al. 2018). With this in mind, if our satellite
sample were to have a large fraction of interlopers, then the
measured number of satellites per host would decrease. How-
ever, our results, along with those of Nierenberg et al. and
Sales et al., do not seem to have a significant enough inter-
loper contamination. Therefore, the CLF discrepancy would
not be affected.
The final hypothesis to explain the disparity of the
CLFs in the low z bin of Figure 3, is using the redshift
dependence of the M∗–Mhalo relation. According to figure 5.
of Moster et al. (2013b), at redshifts near z ∼ 0 the stellar
mass pivot point of the M∗–Mhalo relation is significantly
lower than at redshifts z > 0.5. Thus, we should not expect
our high stellar mass hosts (10.0 < log(M∗/M) < 10.5) to
completely overlap the CLF’s of the low-mass hosts in the
low-z bin. This is due to our high-mass hosts not entirely
residing in the power law region, and instead being located
much closer to the pivot in the M∗–Mhalo relation. Sales et al.
also see a lack of dependence between stellar mass and satel-
lite abundance below log(M∗/M) = 10.25, but they do for
larger stellar masses, further indicating that we should not
expect a clean overlap between our low-and-high mass bins.
On the other hand, because the pivot in the M∗–Mhalo rela-
tion is much higher for redshifts z > 0.5, the overlap we see
in the middle panel of Figure 3 for our low-and-high mass
bins is expected.
In summary, our measurements of the CLF are consis-
tent at the 2σ level with other published data and with the
hypothesis that CLFs should become independent of host
stellar mass for low-mass hosts if expressed in terms of ∆m.
8.2 Redshift Evolution
The second feature we describe in Figure 3 is the red-
shift evolution of the satellite luminosity function. In gen-
eral we see that the satellite abundance per host for the
10.0 < log(M∗/M) < 10.5 and the 9.5 < log(M∗/M) < 10.0
COSMOS host samples remains constant as a function of
redshift given the measured uncertainties. This result is con-
sistent with other low-redshift studies (z < 0.1; Danieli et al.
2017; Nadler et al. 2019a) and with previous results, al-
though for a higher stellar mass host sample. Our results are
also in agreement with the prediction from Ma´rmol-Queralto´
et al. (2012), Tal et al. (2014), and Rafieferantsoa & Dave´
(2018), who showed that, in the context of ΛCDM, the satel-
lite luminosity function should remain constant out to z ∼ 1
for fixed host stellar mass.
8.3 Slope
Lastly, the faint-end slope of the satellite luminosity function
αs can be used to infer the low-end slope of the M∗ − Mhalo
relation β, placing our results in context of ΛCDM. We per-
form an order-of-magnitude calculation that will help con-
strain this slope between 9.5 < log(M∗/M) < 10.5 to further
understand the power-law nature of the M∗–Mhalo relation.
The differential number of dark matter subhalos dNsub
hosted by a halo of mass Mhost is given by the subhalo mass
function dNsub/dMsub ∝ Mαsub, with α ∼ −1.9 (Springel et al.
2008; Dooley et al. 2014; Zavala & Frenk 2019). The slope is
nearly independent of whether Msub is considered to be the
subhalo mass at infall (relevant for M∗–Mhalo) or the subhalo
mass at a specific epoch. By assuming that the mass–to–light
ratio of the satellites is linearly proportional M∗ ∝ L; and the
M∗−Mhalo relation follows the power law M∗ ∝ Mβhalo, which
is similar for satellites and hosts, we can write the subhalo
mass function as
dNsub
dL
∝ dNsub
dMsub
dMsub
dL
(16)
∝ L αβ L
1−β
β . (17)
Assuming every subhalo is occupied by a satellite, we can
compare the number of subhalos with our CLF using the
luminosity form of the Schechter function dNsat/dL ∝ Lαs .
This comparison allows us to match exponents and deter-
mine the low-mass end slope of M∗ − Mhalo through the fol-
lowing equation
β =
1 + α
1 + αs
, (18)
which has also been identified in previous studies such as
Garrison-Kimmel et al. (2014).
A steep slope β for the low-mass end of the M∗ −Mhalo
relation means that as one approaches smaller halo sizes,
star formation efficiency decreases rapidly. This could be
driven by supernova feedback, which affects a galaxy’s star
formation efficiency (Shankar et al. 2006). When the M∗ −
Mhalo relation has a steep slope β, hosts with very different
stellar masses live in halos of roughly the same mass.
Typical values of β range between ∼ 1 < β < 2.5 (Moster
et al. 2010; Garrison-Kimmel et al. 2014; Behroozi et al.
2013; Wang et al. 2013; Sales et al. 2013), yet steeper values
have also been found, e.g. β = 3.1 by Shankar et al. (2006)
and Brook et al. (2014); implying that their measured satel-
lite luminosity functions had shallow slopes. Because CLF
slope values close to αs ∼ −1 imply large values for the low-
mass end slope of the M∗−Mhalo relation, we expect our cal-
culated β’s to be high, since our measured CLF slope values
ranged between −1.9 < αs < −0.7. Using Equation 18, we cal-
culated the low-mass end M∗−Mhalo slope to be −3 < β < 1.
This is consistent with theoretical expectations, albeit with
large uncertainty. Therefore, the shape of CLFs is an inde-
pendent constraint on the slope of the M∗–Mhalo.
9 SUMMARY
We use a Bayesian statistical method, developed by
Nierenberg et al. (2011), to measure the satellite lu-
minosity function of faint satellites with magnitudes
m f 814W < 25 around low-mass host galaxies with stellar
masses 9.5 < log(M∗/M) < 10.5 at redshifts 0.1 < z < 0.8
from the COSMOS survey. We examine trends in amplitude,
redshift evolution, and shape of our cumulative luminosity
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functions, as a function of redshift, to those of Nierenberg
et al. (2012) and Sales et al. (2013) for hosts of similar stellar
masses. Our main results are summarized bellow.
(i) We can reliably measure the satellite luminosity func-
tion down to ∆m = msat − mhost = 5.5, which is approxi-
mately equivalent to satellites with Fornax-like magnitudes
for LMC-like luminosity hosts, out to redshifts of 0.8.
(ii) The amplitudes of our cumulative luminosity func-
tions show the curves grouping together for the lower-mass
hosts, especially at redshifts 0.4 < z < 0.8, indicating that
satellite abundance is independent of host stellar mass for
low-mass hosts galaxies.
(iii) We do not detect any significant change in the CLF
as a function of redshift within the measured uncertainties,
in agreement with previous predictions.
(iv) Using the slope of the CLF, we are able to constrain
the low-mass slope of the M∗–Mhalo relation to −3 < β < 1.
In the future, we can apply this approach to the much wider
fields of view of the Roman Space Telescope High Latitude
Survey (HLS; Spergel et al. 2015) and the Legacy Survey of
Space and Time (LSST; Ivezic´ et al. 2019). With a wider
survey area, we will observe a far greater number of low-
mass host galaxies and their satellites. With larger galaxy
samples, we will need to rely on future spectroscopic fa-
cilities such as the Maunakea Spectroscopic Explorer (The
MSE Science Team et al. 2019), for spectroscopic follow-up
of these hosts. Deeper surveys will also allow us to detect
even fainter satellites. These future surveys play a crucial
part in robustly measuring the CLF of isolated host galax-
ies, and using them to constrain the low-mass-end slope of
the M∗ − Mhalo function.
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